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Recent studies have found many antisense non-coding transcripts at the opposite strand of some protein-coding genes. In yeast, 
it was reported that such antisense transcripts play regulatory roles for their partner genes by forming a feedback loop with the 
protein-coding genes. Since not all coding genes have accompanying antisense transcripts, it would be interesting to know 
whether there are sequence signatures in a coding gene that are decisive or associated with the existence of such antisense 
partners. We collected all the annotated antisense transcripts in the yeast Saccharomyces cerevisiae, analyzed sequence motifs 
around the genes with antisense partners, and classified genes with and without accompanying antisense transcripts by using 
machine learning methods. Some weak but statistically significant sequence features are detected, which indicates that there 
are sequence signatures around the protein-coding genes that may be decisive or indicative for the existence of accompanying 
antisense transcripts. 
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Genome-wide existence of natural antisense transcription 
has been discovered in various species from yeast to human 
[1–8]. Among the 6575 annotated coding genes in the yeast 
genome, 531 genes have been reported to have accompany-
ing antisense transcripts while the other 6044 do not [9]. For 
the convenience of the following description, we call them 
genes with and without antisense partners, respectively, and 
regard the corresponding protein-coding gene as the prima-
ry gene. 
A recent study from Lars Steinmetz’s lab reported that 
the antisense transcript works as an on-off switch on the 
regulation of the primary gene [10]. The on-off switch 
means that the regulatory effect can be turned on or off de-
pending on the circumstances. The switch is turned on when 
the coding gene is confronted of genetic and environmental 
changes and off under normal circumstances. The switch 
function also has the following characteristics: (i) The 
switch is threshold dependent. An antisense transcript usu-
ally inhibits its partner gene expression in low levels, and 
the primary gene in high expression level usually represses 
the antisense expression in return by forming a feedback 
loop. (ii) Presence of Transcription Start Site (TSS) over-
lapping makes the switch function more effective. “TSS 
overlapping” means that the transcription region of the pri-
mary gene covers the TSS of the antisense partner, or the 
transcription region of the antisense transcript covers the 
TSS of the primary gene. (iii) The interaction between the 
sense-antisense pair makes the primary gene have a larger 
expression changes in response to genetic and environmen-
tal changes. 
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Previous studies mainly focused on the function of the 
antisense transcripts themselves. Since the major role of 
these partner antisense transcripts is to regulate their prima-
ry genes, it would be interesting to ask what determines 
whether a gene has such a partner or not? To the best of our 
knowledge, this question has not been documented in the 
literature. Therefore, we designed this study to investigate 
whether there are signals or at least signatures in the gene 
sequence that are associated with the presence or absence of 
antisense partners.  
We collected all reported antisense transcripts in Sac-
charomyces cerevisiae and the sequences of genes with and 
without antisense partners. We first applied a pattern recog-
nition method to study whether the sequence features of 
these two classes are separable. The classification accuracy 
was not high but was statistically significant according to 
permutation test. This indicates that the two groups are sep-
arable to some degree by sequence signatures. Then we did 
motif finding analysis to detect the possible sequence motifs 
which may be associated with the existence of the antisense 
transcripts. Some weak but significant sequence motifs like 
5′-TGTTG-3′ were found to be enriched in genes with anti-
sense partners.  
1  Data 
1.1  Yeast genome annotation dataset 
We downloaded the yeast genome annotation data (Version 
R64-1-1 released on April 13, 2013) in gff format from the 
SGD database (http://www.yeastgenome.org/download 
-data/curation). The data includes genomic sequences, co-
ordinates and annotations.  
1.2  Antisense transcript dataset 
The antisense transcript dataset was obtained from [9], 
downloaded from the site http://genomebiology.com/  
content/supplementary/gb-2010-11-3-r24-s3.xls. This da-
taset contains 523 antisense transcripts detected in S. cere-
visiae S288C strain. These transcripts were found to be ex-
pressed during the mitotic cell cycle and associated with 
531 primary protein-coding genes (each antisense transcript 
has one or two corresponding primary genes). The data file 
provides us the chromosome ID, coordinate, length and the 
primary gene name of each antisense transcript. Although 
there are several other yeast antisense transcript datasets 
released by the same lab from experiments with different 
growing media or from different strains, the dataset we 
chose contains the largest collection and covers the majority 
of the antisense transcripts reported in the other datasets. 
In this paper, we focused on the 514 antisense transcripts 
that are associated with protein-coding genes, and the other 
nine antisense transcripts accompanying micron genes or mit- 
ochondrial genes were not considered. As shown in Figure 1,  
 
Figure 1  Four types of primary-antisense pairs. The primary gene is 
indicated by the red arrow, and its antisense partner is indicated by the gray 
arrow. A, One-to-one correspondence. Most pairs (489) are of this type. B, 
One-to-two: the gene YDR393W is accompanied with two antisense tran-
scripts. We still use “pair” to refer to this partner group, as well as the 
groups in the situation of (C) and (D). C, One-to-three: the gene YLR342W 
is accompanied with three antisense transcripts. D, Two-to-one: two adja-
cent primary genes share one antisense partner transcript. Twenty antisense 
transcripts belong to this type.  
there are four types of relative relations of the primary 
genes and their antisense partners according to the different 
number of involved genes or antisense transcripts. 
1.3  Pre-processing of the original dataset 
We got the mRNA annotation of all yeast genes from the 
database, and separated them into two groups: (i) genes with 
antisense partners and (ii) genes without antisense partners. 
Chromosome IDs and coordinates of TSSs and TESs (tran-
scription end sites) were extracted from the annotation file, 
as well as the TSSs and TESs of the antisense transcripts. 
Genomic sequences were extracted according to the ge-
nomic coordinates of these sites.  
To find the sequence signatures that may associate with 
antisense transcription, we extracted six types of sequences 
around primary genes and their antisense partners. Their 
positional relations are illustrated in Figure 2A, and the se-
quence-extraction regions of the gene YDL210W and its 
partner antisense transcripts are shown in Figure 2B as an 
example.  
To study the possible transcriptional influence between 
the sense and antisense transcripts, we further subdivided 
the sense-antisense pairs according to the presence of TSS 
overlapping. We divided the 531 genes with antisense part-
ners into two groups according to whether the TSS of the 
primary gene overlaps with the partner antisense transcript. 
We also divided the 514 antisense transcripts into two  
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Figure 2  Regions of the sequences extracted from the primary coding gene and its antisense partner transcript. A, The general definition. B, The example 
of gene YDL210W. Notations: TR (transcription region), region of a gene from TSS to TES; OR (overlap region): overlapped region of the prima-
ry-antisense pair; TSS_PR: from upstream 1000 bp to downstream 100 bp of the TSS of the primary gene; TSS_AR: from upstream 1000 bp to downstream 
100 bps of TSS of the antisense transcript; TES_PR: from upstream 100 bp to downstream 1000 bp of TES of the primary gene. In (B), the primary gene 
covers the whole region of the partner antisense transcript, therefore the whole antisense transcript region is the OR. 
groups by checking whether the TSS of the antisense tran- 
script overlaps with the corresponding transcript of the pri-
mary gene.  
2  Methods 
2.1  Pattern recognition 
2.1.1  Features for the classification 
We first designed the pattern recognition task of classifying 
the two classes of samples: genes with and without partner 
antisense transcripts. The two classes are also referred to as 
the foreground and background group in the motif finding 
work. The TR sequences of the primary genes were ex-
tracted as the original samples. We counted the occurrences 
of all k-mer nucleotide words (short words of k nucleotides) 
in each sample. We tried k from 2 to 5. The counts of the 
k-mer words composed the feature vectors for the classifi-
cation, with dimension of 16, 64, 256 and 1024 corre-
sponding to k=2, 3, 4 and 5, respectively. The feature vec-
tors were normalized so that each element is the relative 
percentage of the occurrence of a k-mer word in the sample. 
2.1.2  Fisher’s linear discriminant analysis 
We used the Fisher’s linear discriminant analysis (FLDA) 
for the classification of genes with and without antisense 
partner transcripts. FLDA is a basic pattern recognition 
method for linear classification [11]. It projects the feature 
vectors of all samples to a linear direction along which the 
two classes are best separated while each of the classes is 
best condensed. Due to its simplicity and robustness, it is 
widely used as the first attempt on a new classification 
problem. FLDA is chosen in this study because it is suitable 
for answering whether the two classes of genes (with and 
without antisense partner) can be separated with sequence 
signatures. 
2.1.3  Experiment Settings 
The two classes have 531 samples with antisense partner 
and 6044 samples without antisense partner, respectively. 
We did 20 rounds of pattern recognition experiments. In 
each round, 500 samples from both the foreground and 
background group were randomly selected to balance the 
two classes in sample size. We used 5-fold cross-validation 
to evaluate the result of the pattern recognition experiment. 
That is, we divided the 500+500 samples into five subsets 
of equal size (100+100 samples in each subset), used four 
subsets to train the FLDA method to obtain a classifier and 
used the remaining subset to test the trained classifier. Each 
subset was used as the test set once, and the test errors were 
averaged as the cross-validation error.  
Permutation experiments were adopted to assess the sig-
nificance of achieved error: We randomly shuffled the class 
labels of the 500+500 samples and redo the above experi-
ments. The error rates achieved on the permuted data will 
demonstrate how well the method can separate the two 
classes by chance if there is no real classification infor-
mation in the data. By doing the permutation experiment 
500 times, we acquired a rough null distribution of the clas-
sification error on shuffled data, from which we estimated 
the permutation P-value of the error rate obtained from the 
true data. The left branch of Figure 3 illustrates the proce-
dure of pattern recognition experiment.  
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Figure 3  The procedures of FLDA and Motif finding. Left branch 
(FLDA): (1) process the data to transform each sequence into a normalized 
feature vector; (2) randomly select 500 samples from foreground and 
background group, respectively; (3) 5-fold cross validation; (4) permuta-
tion test for 500 times; (5) repeat steps 2, 3, 4 for 20 times. Right branch 
(Motif finding): (1) divide the foreground and background sets into five 
subsets of equal size, respectively; (2) use DME to identify the top 3 motifs 
on train set (four subsets); (3) get the top 3 significant motifs; (4) call Mo-
tifclass to evaluate the quality of these given motifs on test set (1 subset); 
(5) repeat steps 2, 3, 4 for five times. We did not do random sampling in 
motif finding, as foreground and background datasets are not needed to be 
balanced for DME and Motifclass. 
2.2  Motif finding 
Sequence motifs are short patterns in a set of DNA se-
quences that occur more frequently than expected or that 
appear more frequently in one group of sequences (the 
foreground) than in another group (the background). They 
typically correspond to informative signals on the genome 
such as transcription factor binding sites. We applied motif 
finding approaches on the sequences of genes with partner 
antisense transcripts to investigate whether there are special 
sequence signals enriched in this group compared with the 
background genes without antisense partners. The right 
branch of Figure 3 shows the procedures of motif finding 
analysis. 
2.2.1  DME and Motifclass 
DME (discriminating matrix enumerator) is a widely used 
tool for identifying motifs overrepresented in the set of 
foreground sequences relative to a set of background se-
quences [12]. It uses an enumerative algorithm to exhaust-
ively and efficiently search a discrete space of matrices, 
scoring each matrix according to its relative overrepresenta-
tion in the foreground. After refinement, the highest scoring 
matrices will be reported as the overrepresented motifs. In 
our experiments, we tried to find motifs of lengths of 9, 12 
and 15, and set the program to output the top 3 motifs in 
each experiment. 
Motifclass is another tool from CREAD package [13] for 
qualifying the efficiency of given motifs in discriminating 
two groups of sequences and evaluating the significance of 
the motifs. It scores each sequence from both foreground 
and background set. Using the scores, Motifclass reclassi-
fies the foreground and background sequences and com-
pares them with the original classification. The better clas-
sification accuracy one acquires, the more significant the 
given motif is. One can use relative error rate and P-value to 
assess the result. The relative error rate is defined as 
 
sensitivity+specificity
  Relative error rate = 1 ,
2
  
where sensitivity is the proportion of true foreground se-
quences that are classified correctly and specificity is the 
proportion of true background sequences being classified 
correctly. Relative error rate is appropriate for the situation 
of unbalanced foreground and background sets. The P-value 
is obtained by permuting sequence labels 1000 times and 
calculating the percentage of cases where the error rate on 
the permuted data is equal to or less than the relative error 
rate obtained from the true data. We first used DME to 
identify a list of top-ranking motifs on training set and then 
used Motifclass to evaluate the significance of those motifs 
on test set.  
2.2.2  Experiment setting 
As shown in Figure 4, we designed seven groups of exper-
iments to identify possible sequence signatures, corre-
sponding to different ways of organizing the data. Consid-
ering that the motif appearance might be correlated with its 
position around coding genes, we set three experiments 
(groups 1, 2 and 5) where the foreground set consists of 
sequences from different regions around their partner genes. 
The regulation effect is influenced by the TSS overlapping 
(see Introduction), therefore we set four experiments 
(groups 3, 4, 6 and 7) on the four sets, according to the TSS 
overlapping feature we obtained during pre-processing of 
the original dataset. Table S1 in Supporting Information 
further explains the construction rule of each group. 
In each experiment, we divided both the foreground and 
background sets into five equal-sized subsets. Each time 
one subset was taken as the test set and the other four as the 
training set.  
3  Results 
We used k-mer sequence features with k=2, 3, 4 and 5 in our 
pattern recognition experiment. Both the training error and 
test error in the cross-validation experiments were recorded, 
and compared with test errors in the permutation experi-
ments. When using k=2, the features are the relative fre-
quency of all 16 dinucleotides in the sequences. The aver-
age training error rate is 41.7% and the average test error 
rate is 43.5%. There are 29 cases among the 500 permuta-
tion experiments that result in error rates equal to or less 
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Figure 4  Locations of sequence segments in each foreground and background set for the motif analysis. In all seven groups, foreground sets consist of 
sequences around primary-antisense pair while background sets are composed of sequences around primary gene without antisense partner. The sequence 
definition in each group is referred to Figure 3. Notations: the yellow segment refers to the sequences we used in each experiment. Symbol Т in groups 3 and 
4, and inverted T in groups 6 and 7 represent the TSS region. The number on the top-left corner of each panel is the sequence number in each foreground or 
background set (see more detailed explanations in the Supportiong Information).  
than 43.5%, with a P-value of 0.058. When using k=3, the 
average training and test error rates are 34.4% and 40.3%, 
respectively, with a permutation P-value of 0.004. When 
k=4, the average training and test error rates are 24.5% and 
38.7%, respectively, and the permutation P-value is 0.003. 
When k=5, the error rates become larger (40.0% for training 
and 46.6% for testing), and so is the permutation P-value 
(0.224). The classification accuracy is not perfect, but the 
cross-validation test error rates are statistically significant 
when k=3 and 4. This indicates that the two classes of se-
quences (genes with and without partner antisense tran-
scripts) are partially separable, and nucleotide compositions 
contain information to discriminate the two classes. Inter-
estingly, significant classification performance is reached 
only with k=3 and 4. Further analysis is needed to define the 
possible biological reasons behind this phenomenon. 
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Table 1  Typical motifs identified in the genes with partner antisense 




Sensitivity Specificity P-value 
 
0.40 0.66 0.54 0.009 
 
0.39 0.41 0.81 0.002 
 
0.38 0.75 0.48 < 0.001 
 
0.37 0.62 0.63 < 0.001 
 
For the motif analysis, most of the groups did not show 
any significant motif except group 1 (Table 1). The full re-
sults of all the seven motif-finding experiments are provided 
in the Supplementary File. In general, the discriminative 
power of the identified motifs is not very striking (relative 
error rate≈0.4). However, a significant motif with consen-
sus sequence 5′-TGTTG-3′ was repeatedly identified in dif-
ferent training and test sets of group 1. This motif seems to 
be evenly distributed along the primary coding genes by 
showing no significant position preference relative to TSS 
or gene body. Interestingly, its consensus sequence is simi-
lar to the binding site of human poly(ADP-ribose) polymer-
ase (PARP-1) [14]. PARP-1 is an important nuclear enzyme 
that is conserved in most eukaryotic organisms. Although 
PAPR-1 homolog protein has not been found in yeast [15], 
it is reported that expressing human PARP1 in S. cerevisiae 
significantly influences the cell status and inhibits cell 
growth [16], which suggests that this 5′-TGTTG-3′ se-
quence motif might be functional in yeast and be the target 
of some unknown regulators. Our analysis suggests that this 
unknown regulatory mechanism might contribute to the 
antisense transcriptional regulation in yeast. 
4  Discussion 
The wide existence of antisense transcripts and their regu-
latory roles on the corresponding protein-coding genes have 
attracted many researchers’ attention. However, sequence 
signatures of or around the protein-coding genes that may 
be decisive or informative for the existence of an antisense 
transcript have not been reported. In this work, we collected 
all experimentally verified antisense transcripts in the yeast 
genome to investigate this question. We applied the Fisher’s 
linear discriminant analysis on the k-mer sequence features 
for classifying genes with and without partner antisense 
transcripts, and further conducted motif analysis for se-
quences from genes with partner antisense transcripts. The 
results showed that although the classification of the two 
classes with k-mer sequence features or with detected motifs 
are not perfect, the separability of the two classes and the 
enrichment of some motifs are statistically significant. This 
indicates that there are some sequence composition patterns 
associated with the existence of antisense transcripts. 
Though the sequence patterns identified here could not fully 
explain the differences of the two groups, the observations 
opened a new door for the investigation and understanding 
of antisense transcripts.  
In our study, the regions for extracting the sequences for 
pattern recognition or motif analysis were set arbitrarily and 
not fine-tuned, and we did not try more comprehensive 
methods for the pattern recognition and motif analysis. 
These could be the reasons why the classification accuracy 
was not very good. Another more important reason for the 
imperfect classification is that there may be different 
mechanisms for the existence of antisense transcripts, and 
different genes may have different types of sequence fea-
tures or patterns. The high error rates with small P-values 
indicate that this might be the situation. We may need to 
group all genes into smaller subsets where genes are more 
homogeneous with each other before performing pattern 
recognition and motif analysis on the subsets. The function-
al implications of the identified motif also need to be further 
studied.  
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